Abstract: The present paper describes a real-time motion-planning approach which lies in the integration of three techniques: fuzzy logic (FL), virtual force field (VFF), and boundary following (BF). The FL algorithm is used for velocity control based on sonar readings. The pathplanning algorithm is based on the VFF and BF methods. The proposed navigation system differs from previous works in terms of using different algorithms for planning robot motion. Other improvements concern functional and computational aspects of the design and integration of the modules. The robot shows robust performance in complex situations and local minimum scenarios. Simulation results show the effectiveness of the developed system in various environments with long walls, U-shaped, maze-like, and other types of clutter.
INTRODUCTION
The fundamental characteristic of an autonomous mobile robot is its capability to operate independently in unknown or partially known environments. Autonomy for mobile robots implies the ability of the robot to react to static obstacles and unpredictable dynamic events [1] . Autonomous navigation is involved in applications such as automatic driving, surveillance, exploration, guidance for the blind and disabled, exploration of dangerous or hostile regions, transportation, and collecting geographical information in unknown terrains like unmanned exploration of a new planetary surface [2, 3] .
The most important issue in design and development of intelligent agents is the navigation problem, which consists of the planning and execution of collision-free motions within the environment [4] . Path planning is one of the key issues in generating a feasible and safe trajectory from the current robot location to a goal [1] . Navigation strategies can be classified into local (reactive) path planning and global path planning. In the global path planning, prior knowledge of the workspace is available. In contrast, the local path-planning methods use ultrasonic sensors, laser range-finders, and onboard vision systems to perceive the environment and perform online planning [5, 6] . The reactive navigation approaches can be divided to model-based, sensor-based, and behaviour-based approaches.
The model-based approaches [7] [8] [9] [10] are based on some models of the immediate environment to decide about the reaction of the robot, such as road mapping, artificial potential field, boundary following, edge following, etc. Most of these methods are able to find semi-free paths but they need an accurate model of the environment, and therefore fail in dealing with local problems. The sensor-based approaches [11] [12] [13] [14] [15] [16] usually use sensory information to model the environment. Therefore, the robot can navigate through unknown environments by reacting to detected obstacles. However, the robot may get trapped owing to sensory limitations. The behaviour-based approaches [1, 4, [17] [18] [19] [20] [21] [34] [35] derive in fact from the combination of model-based and sensor-based approaches. In these approaches, the integration of output of applied modules such as planning and reactive modules is an obstacle-free path for robot navigation. Therefore, they are more promising with respect to the navigation problems in complex and local minimum situations.
The present paper proposes a behaviour-based local motion planning which is composed of three modules: a fuzzy logic controller (FLC), the virtual force field (VFF), and boundary following (BF), to cope with mobile robot navigation problems in complex and local minimum scenarios. The local minimum situation occurs when the goal is at the side of a wall, a long wall, concave obstacles, or maze-like and U-shaped environment (Fig. 1) . Therefore, the local minima may cause the robot get trapped in a loop, in the wrong direction, or regress into an old dead end. Most of the recent approaches have focused on navigation problems in the local minima. Some of the effective approaches are summarized in section 2.
RELATED WORKS
In the method of Huang and Lee [22] , the local minimum situation is detected by comparing differences in the robot's rotation over successive control periods. When a local minimum occurs the robot begins wall following until an escape criterion is satisfied. However, the detection of local minima merely through this empirical method is not sufficient as the robot may wrongly classify dead ends and create a long path [23] . The method of Kamon and Rivlin [16] relies on range data to make local decisions and the condition for leaving the obstacle boundary is based on the free range in the direction to the target. The problem is that this method is highly dependent on maximal sensor range. The virtual target method by Xu [4] was proposed for resolving the limit cycle problems in navigation of a mobile robot. When a local minimum situation occurs the real target is switched to a virtual location and the robot is navigated according to the virtual target. However, the robot regresses into the same infinite loop when it tries to avoid it and mostly fails in the local minimum situations. Pin and Bender [24] presented a method to resolve limit cycle problems by adding memory processing behaviour to the fuzzy behaviour approach. Although this method has good results, a very large amount of memory is required to memorize all traversed trajectories. Krishna and Kalra [25] proposed a real-time collision avoidance algorithm which detects dead ends by landmark recognition. This method depends highly on exact localization and landmark recognition. Minguez and Montano [15] developed hybrid architecture with three layers (modelling, planning, and reaction). This method proposed a robust and reliable navigation in difficult scenarios.
Wang and Liu's minimum risk method [23] is able to find the nearest exit to escape from dead ends. However, the trial-return motion is exhausting and produces a long path. The method proposed by Velagic et al. [1] is a novel method based on the potential field principle and the pruning of relevant obstacles by fuzzy rules. This method does not need to memorize previous movements and shows robust and stable performance for the local minima. Maaref and Barret's method [14] detects the dead end using a restricted criterion that all sensors must give small distances to obstacles, so it fails to reach the goal in a large concave environment. Tu and Baltes [26] presented a method based on fuzzy potential energy to avoid dead-end obstacles. The robot is efficiently driven towards the target from the dead ends. However, the robot needs global knowledge of the environment to produce an efficient obstacle-free path. A recent work carried out by Olunloyo and Ayomoh [27] represents a hybrid virtual force field, which is an integration of the virtual obstacle concept and the virtual goal concept in combination with the traditional VFF. This method proposed an effective robot path planning for the local minimum problem posed by concave-shaped obstacles. 
PROPOSED APPROACH
The proposed approach is a behaviour-based navigation system which can overcome the problems of local navigation in unknown environments. Behaviour-based approaches have the advantages of the model-based approaches to achieve an optimal path and the reactivity of sensor-based approaches. The proposed approach is made up from an FLC, integrated with the VFF and the BF method. The FLC is used to control the robot's velocity; the VFF and BF method are applied for path planning and to cope with local minimum situations. The robot behaviour switches to the VFF or BF method if specific criteria are satisfied. To optimize navigation time, the FLC is used synchronously with VFF and BF methods. Figure 2 itemizes how the FLC concept is combined with VFF and BF methods to form the proposed hybrid approach step by step.
Step 1 : This module gathers sensory information for identification of the navigation environment.
Step 2 : This module serves as a sequel to step 1, which carries out a mapping of the workspace and obtains obstacle position and target direction.
Step 3 : This module computes attractive and repulsive forces generated by the target and obstacles, respectively.
Fig. 2 Flow chart showing the path-planning approach
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Step 4 : This module examines two criteria, F r . F a and R , a 1 , to determine if a local minimum trap has occurred or not. If a navigation trap is suspected then the robot behaviour switches to the BF method. However, if the local minimum trap is not likely to occur then the robot behaviour switches to VFF. F r and F a are respectively repulsive and attractive forces, R is sum of the repulsive and attractive forces, and a 1 is a positive constant close to zero.
Step 5 : This module implements the VFF or BF method corresponding to the previous step. If the outcome in step 4 is such that a local minimum trap occurs, then the BF method is applied; otherwise VFF is applied.
Step 6 : This module implements the FLC controller to control the robot's velocity during the navigation process.
The fuzzy logic controller
A proper way to control the speed of the robot is application of the FLC. The fuzzy rules can be defined by dividing the workspace into six subspaces for obstacle position and three subspaces for target direction (Fig. 3) . The proposed fuzzy controller has two inputs and one output. The FLC inputs are obtained from sensorial information (e.g. sonar). Six obstacle positions are fuzzified using the fuzzy set as input variables. These six fuzzy sets are named L (left), LF (left front), F (front), RF (right front), R (Right), and No-Obstacle (NO) (Fig. 4(a) ). Another FLC input is target direction. The fuzzy sets for this input are L (left), F (front), and R (right) as shown in Fig. 4(b) . The input functions are normalized to [0-1].
Therefore, for six-set partitioning of obstacle position and three-set partitioning of target direction the fuzzy rule base comprises 18 rules (366 5 18). After fuzzification of inputs, the fuzzy interference converts the fuzzy input set to an output. This fuzzy output is robot velocity (m/s). The fuzzy sets for the output variable are L (low), C (normal speed), and H (high) (Fig. 5 ).
The fuzzy rule base
There are 18 rules to control the robot's velocity (Table 1) . If the robot's path towards the target is clear, the robot moves at its maximum speed. Where obstacles are far away or the robot moves alongside obstacles, its speed does not reduce too much. The robot's speed is reduced only where the robot is heading towards obstacles. This process greatly reduces the overall navigation time. The XY plane refers to the input variables, and the Z axis refers to the output variable. The system has a careful behaviour next to obstacles as can be expected from the defined rules.
Virtual force field
The idea of exerting repulsion and attraction forces from obstacle and target onto the robot was proposed by Khatib [28] . Krogh and Thorpe [29] applied and enhanced the potential field method for global and local path planning. Accordingly, many approaches [6, 14, [30] [31] [32] have been developed on the basis of the VFF to achieve smooth and robust obstacle avoidance. The VFF approach hinges on the principle of repulsion and attraction forces (Fig. 7) , where obstacles exert repulsion force and the target exerts an attractive force on the robot [32] . The VFF is the combination of the potential field method with a certainty grid. The certainty grid concept was derived by Moravec and Elfes [31] for representation of (inaccurate) sensory data about obstacles. Each cell inside the window, C(i, j), is assigned a certainty value (CV) which each occupied cell applies to the robot as a repulsive force. The amplitude of the repulsive forces depends on obstacle-to-robot distance R i
where F cr is a constant force which is activated when an obstacle is sensed within the robot's active window; in the absence of obstacles, F cr is equal to zero x i and y i are the coordinates of active cell (i, j) x and y are the robot's current coordinateŝ x x andŷ y are L=Lx and L=Ly, respectively.
The resultant repulsive force F r is the sum of the individual repulsive forces
The projections of repulsive force F r on the x and y axis are given by where w donates the difference angle between the repulsive force direction and the robot heading direction.
The target generates an attracting force of constant magnitude given by
where F ct is a constant force (attraction to target) d is the distance between robot and target.
The sum of all forces produces a resultant force vector R R~F a zF r ð6Þ
The direction of
The projections of R on the x and y axis are given by R x~R 1 cos h R j j and R y~R 1 sin h R j j ð8Þ
As the result, the new target position is equal to sum of the repulsive and attractive force vectors 
The difference angle of the robot heading direction and the new target direction is considered as the robot steering rate command, h d
Local minima and the solution of navigation problems
The possible problems that may arise during robot navigation are as follows. First, the robot may stop where the resultant forces composed of repulsive and attractive forces is zero. In addition, another problem inherent to VFF is that the robot may get trapped in a local minimum situation where the resultant force pushes the robot back. To solve these problems, the BF method is applied. The BF behaviour occurs when one of the following two criteria is satisfied:
Two important parameters in BF algorithms are:
(a) to decide if the robot should follow the right or left side of an obstacle; (b) to adjust the robot's distance to the obstacle.
In the first step, the robot chooses the left or right side of an obstacle from the robot's view according to the distance between the target and the nearest obstacle. In particular, the robot follows the left or right boundary of the obstacle which has the minimum distance from the robot and the target. Figure 8 shows the robot trapped in a local minimum situation. In this case left obstacle 1 (LO1) has the minimum distance from the robot and the target. Therefore, the robot chooses the left path to follow obstacle boundaries.
After choosing the nearest obstacle and the desired path, the next step is adjusting the robot's distance to the obstacle. In this case, just the nearest obstacle's repulsive force is considered as resultant force, disregarding the target's attractive force and other obstacles' repulsive forces. In the proposed approach, Fig. 8 Robot condition in a local minimum situation Fig. 9 Boundary-following criteria are satisfied at point A Fig. 10 Array of six sonar sensors on the robot's circumference
Fig. 11 Workspace configuration
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1. The first criterion is satisfied when the difference angle between the robot heading h and the main target h T is less than 90u, particularly if
In the situation represented in Fig. 9 , this BF criterion is satisfied at point A. This point is considered as a critical point with coordinates of x c and y c if
2. The second criterion is satisfied when the robot passes from a point with the same y coordinate, namely if
Else if
The second criterion is also satisfied when the robot pass from a point with the same x coordinate, namely if x~x c +a 3 ð15Þ a 1 , a 2 , and a 3 are positive constants close to zero. The reason why these parameters are close to zero is due to the inaccuracy of numerical calculation. In this case, the robot passes from point B which has the same y coordinate as the critical point on the opposite side of the obstacle. Therefore, the two criteria are satisfied when the robot passes from point B and the robot's behaviour switches back to VFF behaviour.
The proposed switching condition works well in complex recursive U-shaped, maze-like, and cluttered environments. Most previous works suffer some difficulty in multiple minimum situations. However, the proposed approach has solved these difficulties by simple algorithms.
SIMULATION RESULTS AND DISCUSSION

Navigation planning performance
With the fuzzy controller, VFF, and BF algorithms established, the final results are obtained on simulator software to prove the robustness and effectiveness of the proposed method next to obstacles.
In simulation investigations, the robot has been modelled as a small circle which uses only six imaginary sonar sensors for distance measurement. The simulation environment is arbitrarily constructed including an obstacle. The start and final points are given. The normal speed at the centre point of the robot (centre speed) is 40 cm/s. The world frame is the two-dimensional The robot is equipped with six sonar sensors, each of which can detect distance in the range of 0.15 to 6.45 m with 1 per cent accuracy. The array of six sonar sensors (S0-S5) on the robot's circumference is shown in Fig. 10 , where there is a 30u interval between two neighbouring sensors.
In the following examples, the robot task is to move from a start point to a target point in the environment in which all obstacles are unknown and the selflocalization procedure is every 0.1 s. The sensors' range is limited to 2 m to achieve more accuracy in obstacle detection. The workspace uses a standard Cartesian coordinate system in metres and degrees, where the origin is on the left upper corner (Fig. 11) .
The process of passing through a narrow door is shown in Fig. 12 . In this example the start point is at (x, y) 5 (14 m, 9m) and the target is at (x t , y t ) 5 (9 m, 16 m). As shown in Fig. 12(a) , the proposed algorithm performs well in this scenario. The steering control (Fig. 12(b) ) shows the robot's steering angle during navigation based on the steering rate command, h d .
The next example (Fig. 13) shows how the robot reaches the target location avoiding recursive U-shaped obstacles. In this example the start point is at (x, y) 5 (12 m, 17 m) and the target is at (x t , y t ) 5 (10 m, 8 m). As shown in Fig. 13(a) , first the robot moves towards the target; where the trap situation is detected the robot follows the obstacle's boundary until the switch back condition is satisfied. Then the robot moves towards the target using the VFF method. Figure 13(b) shows the robot's steering control towards the target.
Performance influenced by FLC
The fuzzy speed controller was applied to reduce the navigation time; its effectiveness is shown in Fig. 14. As shown in Fig. 14(a) , the navigation time in the recursive U-shaped environment was 100 s when the robot moved with normal speed (plot 2). Using the fuzzy speed control, the navigation time was reduced to 74.5 s (Fig. 14(a) , plot 2). The velocity profile is shown in Fig. 15 (a) to (d) More examples of robot motion Fig. 14(b) . The average speed in this scenario is measured to be about 0.51 m/s throughout the path.
To show the effectiveness and usefulness of the approach proposed here, a series of simulations in more complex environments was conducted. The results are presented in Fig. 15 .
Regarding the literature mentioned above, most previous approaches have common problems in dealing with complex and cluttered environments, such as they cannot obtain the shorter path and nearest exit, and they require very large memory and computation. Moreover, they produce local trap situations when used among close and U-shaped obstacles.
The main difference of the proposed method compared with existing methods is in the use of different algorithms and integrating the techniques of different modules. Advantages of the proposed method are:
(a) the simplified algorithms with high efficiency; (b) it works well in recursive U-shaped and complex scenarios; (c) the FLC minimizes navigation time; (d) the VFF approach executes comprehensive obstacle avoidance for fast running of the mobile robot; (e) the combination of the BF method, VFF, and FLC speed control makes a robust and reliable navigation system.
However, it is difficult for the proposed method to deal with dynamic obstacles and using the BF method still produces a long path.
CONCLUSIONS
In this paper, a new VFF-based hybrid system has been developed for robot navigation in an unknown environment. VFF, FLC and BF methods are applied to achieve versatile and robust behaviourbased local path planning. This approach is demonstrated to combine planning abilities with the best reactivity, flexibility, and robustness to reach the target in complex and local minimum scenarios such as long wall, U-shaped, maze-like, and cluttered unknown indoor environments without colliding with obstacles. Sonar sensor data are used as fuzzy input to determine the mobile robot velocity, a local map is represented by a certainty grid, and then virtual repulsive and attractive forces are computed to obtain the direction of the robot.
To cope with local minimum situations, the BF method is applied. The simulation results show the effectiveness of the new hybrid navigation system in dealing with the local minimum situation and cluttered environments. With the real-time cooperation between the navigation modules, the robot can reach to the target at high speed without colliding with obstacles.
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